Temporal lobe epilepsy (TLE) is the most frequent drug-resistant epilepsy in adults and commonly associated with variable degrees of mesiotemporal atrophy on magnetic resonance imaging (MRI). Analyses of inter-regional connectivity have unveiled disruptions in large-scale cortico-cortical networks; little is known about the topological organization of the mesiotemporal lobe, the limbic subnetwork central to the disorder. We generated covariance networks based on high-resolution MRI surfaceshape descriptors of the hippocampus, entorhinal cortex, and amygdala in 134 TLE patients and 45 age-and sex-matched controls. Graph-theoretical analysis revealed increased path length and clustering in patients, suggesting a shift toward a more regularized arrangement; findings were reproducible after split-half assessment and across 2 parcellation schemes. Analysis of inter-regional correlations and module participation showed increased within-structure covariance, but decreases between structures, particularly with regards to the hippocampus and amygdala. While higher clustering possibly reflects topological consequences of axonal sprouting, decreases in interstructure covariance may be a consequence of disconnection within limbic circuitry. Preoperative network parameters, specifically the segregation of the ipsilateral hippocampus, predicted long-term seizure freedom after surgery.
Introduction
Temporal lobe epilepsy (TLE) is the most common drug-resistant epilepsy in adults. Mesiotemporal lobe sclerosis, the histopathological hallmark of this disorder, is reflected on magnetic resonance imaging (MRI) as hippocampal, amygdalar, and entorhinal atrophy. The increasing accessibility of whole-brain MRI morphometry has unveiled that structural compromise in TLE is not limited to the mesiotemporal lobe, but present across multiple cortical and subcortical regions, as well as the underlying white matter ( [Bernhardt, Hong et al. 2013 ] for review).
The concept of TLE as a system disorder has been reinforced by graph-theoretical analysis, which provides a formal framework to test topology-level hypotheses of interconnected networks (Bullmore and Sporns 2009; Sporns 2011) . Graph-theoretical assessment of networks derived from structural, functional, and diffusion MRI have shown large-scale cortico-cortical network reorganization (Liao et al. 2010; Bernhardt et al. 2011; Bonilha et al. 2013; Wang et al. 2014) . On the other hand, the organizational properties of the mesiotemporal structural network, known to host the primary epileptogenic substrate in this condition, have not been extensively assessed. So far, the most common approach has been regions-of-interest (ROI) based functional or diffusion connectivity analysis between individual mesiotemporal structures (largely limited to the hippocampus) and regions outside (Concha et al. 2005; Pittau et al. 2012; Kemmotsu et al. 2013; Kucukboyaci et al. 2013; Stretton et al. 2013; Holmes et al. 2014) . A noteworthy exception is a study showing task-free functional connectivity increases within contralateral mesiotemporal networks, while ipsilateral connectivity decreased, suggestive of interstructure network breakdowns (Bettus et al. 2009 ). Constrained by the intrinsically low resolution of functional imaging, however, this work based on a small sample of patients did not assess intrastructure relationships.
MRI-based structural covariance provides an appropriate hypothesis-driven framework for population-based network analysis, given the availability of structural MRI scans essential to the clinical evaluation. Notably, compared with conventional diffusion and functional MRI acquisitions, structural scans offer higher anatomical resolution and only marginal geometric distortion confounds in antero-basal temporal areas. To probe mesiotemporal circuits at a subregional level, we generated high-resolution surface parcellations of the hippocampus, entorhinal cortex, and amygdala in a large cohort of patients with drug-resistant TLE. A battery of graph-theoretical covariance analyses compared network topology between patients and controls, complemented by split-half and multiscale reliability assessments. In a subset of patients who underwent surgery, we evaluated whether preoperative network topology has prognostic value to determine the postsurgical seizure outcome.
Materials and Methods

Subjects
We studied 134 patients referred to our hospital for the investigation of drug-resistant TLE (55 males; 36 ± 10 years; 16-63 years). Our sample included similar proportions of patients with unilateral left (left temporal lobe epilepsy ([LTLE] ; n = 63, 29 males) and right unilateral TLE (right temporal lobe epilepsy [RTLE] ; n = 71, 26 males). No patient presented with a mass lesion (malformations of cortical development, tumors, or vascular malformations), traumatic brain injury, or a history of encephalitis.
Demographic and clinical data were obtained through interviews with patients and their relatives. Diagnosis and lateralization of the seizure focus were determined by a comprehensive evaluation, including detailed seizure history, neurological examination, video-electroencephalography (EEG), neuroimaging, and neuropsychology.
Ninety-two patients underwent a selective amygdalohippocampectomy. We determined the surgical outcome according to Engel's modified classification (Engel et al. 1993) , at the latest possible follow-up (mean ± standard deviation [SD] = 7 ± 2 years, range: 5-14 years).
Sixty-one patients (66%) became seizure-free (Engel I), 6 (7%) had rare disabling seizures (Engel II) , 17 (18%) a worthwhile improvement (Engel III) , and in 8 patients (9%) there was no change in seizure frequency (Engel IV) . Among patients with Engel-I, 32% were completely seizure-and medication-free; in 68% antiepileptic medication therapy (often at a reduced dose) remained necessary to guarantee seizure freedom. Hippocampal specimens were available in 69 patients for histopathological analysis, which revealed hippocampal sclerosis in all (Blumcke et al. 2013 ). In the remaining 23, specimens were either incomplete or unsuitable for examination due to subpial aspiration.
The control group consisted of 45 healthy individuals (23 males; age mean ± SD = 32 ± 11 years; range = 20-66 years). Clinical and demographic data of patients and controls are presented in Table 1 .
The Ethics Committee of the Montreal Neurological Institute and Hospital approved the study and written informed consent was obtained from all participants in accordance with the standards of the Declaration of Helsinki.
MRI Acquisition and Volumetry
MR images of all patients and controls were acquired on a 1.5-Tesla Gyroscan (Philips Medical Systems, Eindhoven, Netherlands) using a 3D T 1 -fast field echo sequence (time repetition = 18 ms; time echo = 10 ms; number-of-excitations = 1; flip angle = 30°; matrix size = 256 × 256; field-of-view = 256 × 256 mm 2 ; slice thickness = 1 mm) that provides isotropic 1 × 1 × 1 mm 3 voxels. Images underwent automated correction for intensity nonuniformity and intensity standardization (Sled et al. 1998 ) and were linearly registered to the MNI152 template (Collins et al. 1994) . Manual segmentations of hippocampus (Watson et al. 1992) , amygdala (Watson et al. 1992) , and entorhinal cortex (Bernasconi et al. 1999) were carried out according to previously published protocols. The hippocampus was further subdivided into head, body, and tail ( Fig. 1A ) (Bernasconi et al. 2003) . Segmentations were carried out by a single rater (N.B.), blinded to all clinical information.
Surface-Based Mesiotemporal Subregional Morphometry
Notwithstanding recent progress in the MRI-based visualization of mesiotemporal lobe internal anatomy on postmortem brains (Adler et al. 2014) , the in vivo identification of all subregional borders or subfields within a given structure lies beyond the resolution of clinically feasible exams. We circumvented this challenge by using heuristic boundaries drawn on MRI-derived surface templates instead of defining borders in each individual, a strategy opted in various studies (Hogan et al. 2004; Kim et al. 2008; Bernhardt, Kim et al. 2013) . Note that, while this approach is not appropriate for brain structures with subdivisions hidden in the depth, it is conceptually sound to approximate boundaries for those that reach the surface; this is the case for all hippocampal subfields but CA4, all entorhinal subdivisions and all amygdalar nuclei aside from the magnocellular portion of the basal nucleus. In brief, for each structure (hippocampus, amygdala, and entorhinal cortex), manual labels were converted to surface meshes and parameterized using spherical harmonics with a point distribution model (SPHARM-PDM) (Styner et al. 2006) . For a given mesiotemporal structure, SPHARM-PDM surfaces of each individual were rigidly aligned to a template (constructed from the mean surface of controls and patients) with respect to the centroid and the longitudinal axis of the first-order ellipsoid (Gerig et al. 2001) . To correct for differences in overall head size, each surface was inversely scaled with respect to intracranial volume (Styner et al. 2006) . We calculated displacement vectors between each subject's SPHARM-PDM surface and the template across 1002 surface points (Styner et al. 2006 ). The signed surface-normal components of these vectors quantify inward/outward deformations. To compute pointwise volume changes, we applied a heat propagation approach to interpolate the pointwise displacement vectors within the volume enclosed by the SPHARM-PDM surface (Kim et al. 2008 ). The Jacobian determinant J of the resulting 
Mesiotemporal Surface Parcellation
We schematically outlined hippocampal (Duvernoy 2005) , entorhinal (Insausti et al. 1995) , and amygdalar (Amunts et al. 2005) subdivisions (henceforth, ROIs) on the given surface templates according to histological atlases (see Fig. 1 ). The resulting 24 ROIs were further subdivided into parcels with comparable surface area using a k-means clustering approach (Cammoun et al. 2012 ), adapted to surface data. To achieve a good tradeoff between spatial resolution and computation time for graph-theoretical analysis, we chose a total of 198 parcels across all mesiotemporal structures in both hemispheres. While our main analysis findings are reported at the high-resolution 198-parcel scale, we also cross-validated the robustness of findings using the 24-ROI parcellation.
Subregional Network Construction
In each parcel (or ROI, in the low-resolution parcellation), we calculated the mean Jacobian determinant across all vertices and corrected for effects of age, gender, and overall mean Jacobian determinant of the 3 mesiotemporal structures (as a marker of global atrophy) through a statistical linear model, similar to our previous work on cortical thickness correlation networks (Bernhardt et al. 2011) . Importantly, correction for global mesiotemporal volume permits topology-level assessment above and beyond effects of atrophy. Two inter-regional association matrices (R) were generated for each TLE group (i.e., LTLE and RTLE): R 198 with 198 × 198 entries and R 24 with 24 × 24 entries. In each matrix, an individual entry r ij contained the pairwise Pearson product moment cross-correlation coefficients of the mean Jacobian determinant across subjects in regions i and j.
Assessment of Inter-regional Correlations
To assess differences in inter-regional correlation coefficients between LTLE and controls, entries r ij of the R correlation matrices R were transformed using Fisher's R-to-Z transformation, where an individual entry was calculated as
The difference between 2 such correlation Z matrices (e.g., Z NC and Z LTLE ) was
where n LTLE and n NC are the number of subjects in LTLE and NC, respectively. A similar approach assessed RTLE against controls.
Assessment of Network Topology
Network Thresholding
In each group (controls, LTLE, and RTLE), individual correlation matrices were thresholded at a fixed density prior to analysis. The matrix R 198 (R 24 ) in each group was thresholded to result in binarized connectivity matrices A 198 (A 24 ), where an entry a ij equals 1 if r ij exceeded a given threshold and 0 otherwise. We restricted our analysis to positive associations only. Such a binary matrix is equivalent to an undirected graph with 198 (24) nodes (i.e., regions) and K/2 edges (i.e., connections), where K is the total number of nonzero entries. Diagonal elements in A were set to 0. The density of a network with n nodes was defined as the percentage of the total number of actual connections K divided by the number of possible connections, that is, density = K/(n × (n−1)) × 100%. Density-based thresholding (only keeping the highest K edges in each group) ensured that networks in all groups had the same number of edges (Achard and Bullmore 2007) and that observed between-group differences reflect alterations in topological organization rather than differences in lowlevel correlations . For both matrices of R 198 and R 24 , network properties for group comparison were computed over a wide range of density thresholds (5-40%) using previously described procedures Bernhardt et al. 2011) .
Clustering Coefficient and Characteristic Path Length
We computed the clustering coefficient C and characteristic path length L in controls, LTLE, and RTLE, using standard formulas (Watts and Strogatz 1998) . These 2 quantities are the most widely used graph-theoretical parameters to describe the topology of complex networks. Clustering coefficient c i of a given node i, and mean clustering C were defined as:
where E i is the number of existing connections among the neighbors of node i. As k i is the actual number of neighbors of node i (i.e., its degree), the denominator term k i (k i −1)/2 quantifies the number of all possible connections among the neighboring nodes. If a node i had only one edge or no edges, c i was set to 0. The mean clustering coefficient C of a network was defined as the average of c i over all nodes in the network N. C quantifies the cliquishness and is related to the local efficiency of a network (Latora and Marchiori 2001) . Average shortest path length l i of a given node i, and characteristic path length L were defined as
In the above formula, min{l ij } denotes the shortest absolute path length between 2 given nodes i and j. The characteristic path length L of a network was defined as the mean minimum number of edges that lie between any 2 nodes in the network. To overcome the problem of dramatically increased L values in networks with possibly disconnected components, L was calculated using a harmonic mean definition (Newman 2003; Bernhardt et al. 2011) . The reciprocal of L is a measure of parallel information transfer or global efficiency of a network (Latora and Marchiori 2001) .
Normalized Clustering Coefficient and Path Length
The normalized clustering coefficient γ was computed by dividing the clustering coefficient of the actual network C by the mean clustering coefficient C rand across 1000 randomly generated networks. These random networks had the same number of nodes, edges, and an identical degree distribution as the real network (Maslov and Sneppen 2002; Sporns and Zwi 2004 ). An analogous approach was used to compute the normalized path length λ. Compared with random networks, small-world networks have a similar characteristic path length, but higher clustering, that is γ = C/C rand > 1 while λ = L/L rand ≈ 1 (Watts and Strogatz 1998) .
Modularity Analysis
The modularity of a network refers to the degree of its decomposability into local communities, called "modules." Advantages to modular organization include greater adaptability to changing environmental conditions. Networks with high modularity are assumed to have dense connections among nodes within each module and sparse connections between nodes across different modules. We quantified modularity Q in controls and patients using a previously developed algorithm (Blondel et al. 2008 ) that iteratively optimized local communities until global modularity was no longer improved. The modularity Q of a network was defined as
where a ij corresponds to the connection between 2 anatomical regions, i and j. k i is the number of connections of node i to other nodes, c i is the community to which node i is assigned, the function δ(u, v) is 1 if u = v and 0 otherwise, and K ¼ 1=2 P ij a ij :
Statistical Analysis
As in previous work Bernhardt et al. 2011) , analysis was performed separately for each TLE group (i.e., LTLE, RTLE) relative to controls using permutation tests with 1000 repetitions. Exact procedures are detailed below.
Inter-regional Correlation Coefficients
In each permutation, subregional volumes of a given subject were randomly reassigned to one of the two groups (i.e., LTLE or controls/RTLE or controls). Correlation matrices in each randomized group were converted to z-scores using Fisher R-to-Z transform. We calculated the differences between z-matrices of the random "TLE" and "control" groups (for formulas, see above). This generated a permutation distribution of between-group differences under the null hypothesis. The true between-group z-score difference was placed in this distribution to obtain the significance level.
Network Topology, Modularity, and Nodal Parameters Differences in topological parameters C, L, γ, λ, σ, and modularity Q were assessed using an approach similar to a. Following each random group assignment, we thresholded the correlation matrices and computed the above network parameters. For each parameter, the actual difference between a TLE group and controls was placed in its corresponding permutation distribution to obtain the significance level.
To localize alterations in network modularity across groups, we calculated inter-regional network stability matrices (which quantify the probability of any 2 nodes in the network to participate in the same module across different density thresholds, taken from 5% to 40% density) for each group. The actual difference in network stability for each inter-regional pair was placed into a permutation distribution of stability matrix differences (Bellec et al. 2010 ).
Correction for Multiple Comparisons
We corrected for multiple comparisons using the false discovery rate procedure (Benjamini and Hochberg 1995) , controlling the proportion of false-positive findings to FDR <0.05.
Reproducibility Analysis
We split each group (i.e., controls, LTLE, RTLE) into 2 random subgroups. Repeating the main analysis between these smaller subgroups assessed reproducibility of our findings, even at markedly reduced sample sizes. To verify robustness of findings with regards to the spatial scale of the parcellation, group-differences in topological parameters and inter-regional correlation coefficients were assessed using the 24-ROI scheme. Note that the small number of ROIs precluded a meaningful modularity analysis at this scale.
Relation to the Surgical Outcome
We split the group of operated patients (n = 92) into those with the seizure-free (i.e., Engel-class I, n = 61) and nonseizure-free surgical outcome (i.e., Engel-class II-IV, n = 31). Permutation tests assessed the difference in inter-regional correlation coefficients, topological parameters, and modularity between these patient subgroups.
Results
Structural Covariance Analysis of the Mesiotemporal Circuitry
Findings are based on the high-resolution 198-parcellation unless otherwise stated.
Inter-regional Correlation Coefficients
Structural covariance matrices, binarized network matrices, and network graphs for controls and patients are shown in Figure 1 . Networks in all groups were fully interconnected at a density of greater or equal to 8%. At this threshold, controls presented with dense patterns of structural covariance within and across all 3 mesiotemporal structures. Conversely, patient networks were largely characterized by a breakdown between the hippocampus and other structures, particularly the amygdala, while network links were maintained between the entorhinal cortex and amygdala.
Statistical comparison of covariance patterns between patients and controls (Fig. 2) confirmed decreased correlations between most hippocampal and amygdalar subregions bilaterally in TLE (FDR <0.05). Patients also showed decreased correlations between the left and right hippocampus. On the other hand, intrahippocampal and intra-amygdalar covariance increased within the same hemisphere. Relative to amygdala and hippocampus showing marked anomalies in intra-and interstructure covariance, alterations between the entorhinal cortex and hippocampus were of similar nature but less marked. Results were virtually identical in LTLE and RTLE.
Global Network Topology Parameters
Relative to controls, we found increased clustering and path length almost over the entire density range in both TLE groups, resulting in a robust increase in these metrics when data were collapsed across all densities (FDR <0.05). Similarly, we observed increased normalized clustering coefficient γ (FDR <0.05) and normalized path length λ (FDR <0.05) in patients (Figure 3) . We observed network regularization (i.e., significant increases in path length and clustering) in both LTLE and RTLE when Subregional Mesiotemporal Networks in TLE Bernhardt et al. | 3241 separately analyzing the ipsilateral and contralateral subgraphs (i.e., ipsilateral-to-ipsilateral and contralateral-to-contralateral; P < 0.02).
Split-Half Reproducibility Assessment
After randomly splitting each of our groups (controls, LTLE, RTLE) into 2 equally sized groups, we could confirm increased clustering (P < 0.02), path length (P < 0.08) in each patient subgroup relative to their corresponding controls; furthermore, we observed similar alterations in inter-regional correlations, confirming a high reproducibility of findings even at markedly reduced sample sizes.
Robustness across Spatial Scales
Using a 24-ROI low-resolution parcellation, patterns of interregional covariance alterations between patients and controls were equivalent to those using the 198-parcel scale. Moreover, analyzing topological markers confirmed network regularization in patients, with increased clustering/normalized clustering (P < 0.05), as well as tendencies for increased path length/normalized path length in patients (P < 0.08) (Figure 4 ).
Modularity Assessment
Both TLE groups showed markedly increased modularity Q relative to controls across the entire range of network densities (FDR <0.05). We further visualized modules at a fixed density of 0.08, the minimal threshold at which all 3 groups had fully interconnected networks. Here, while modules in controls spanned different mesiotemporal structures across both hemispheres, in patients they were exclusively embedded in the same structure and hemisphere. Statistically comparing module stability validated the above observation across all densities, showing a divergence in "module participation" between patients and controls. In TLE, hippocampal subregions in one hemisphere were more likely to be aggregated within the same module, but were less frequently grouped with their counterparts of the other hemisphere (FDR <0.05). The same was observed for the amygdala. Furthermore, subregions in the hippocampus were less likely to be grouped into modules with amygdala subregions (FDR <0.05). Findings were generally consistent in LTLE and RTLE, aside for the entorhinal cortex, for which alterations in module participation were rather subtle and heterogeneous ( Figure 5 ).
Network Markers of Seizure Outcome in Operated Patients
Compared with patients with residual seizures after surgery, seizure-free patients showed mainly a segregation of the ipsilateral hippocampus, with increased intrahippocampal covariance and largely decreased covariance to contralateral hippocampal and other mesiotemporal subregions. While there was no difference in network modularity Q between outcome groups, we observed increased path length and normalized path length of mesiotemporal network when considering left and right hemispheres together (FDR <0.05, Fig. 6 ) in seizure-free relative to nonseizure-free patients. Similar tendencies were observed when separately analyzing the ipsilateral and contralateral subgraphs.
Discussion
A small but rapidly increasing number of graph-theoretical analyses of neuroimaging data have addressed topological properties of structural and functional networks in TLE (Liao et al. 2010; Bernhardt et al. 2011; Bonilha et al. 2012; Wang et al. 2014) . However, these studies have focused on large-scale neocortical networks and did not specifically target the mesiotemporal circuitry that hosts the core pathological substrate of this condition. Specifically, our results showed profound and highly reproducible shifts toward a more regularized, "lattice-like," arrangement. We also found significant alterations of inter-regional correlations and increased network modularity, indicative of circuit "fragmentation," i.e., decreased integration between different anatomical structures. Preoperative network parameters were associated with long-term seizure freedom after surgery. Right panel: Mean difference across the entire density range (5-40%), for LTLE (red) and RTLE (green), compared with permutation-based differences (i.e., each gray dot is representing the mean difference from one of the 1000 permutations). (B-D) Differences in path length, normalized clustering, and normalized path length between each TLE group and controls. Stars indicate a significant between-group difference, corrected at FDR <0.05.
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Covariance analysis has been proposed as a noninvasive means to map structural brain networks (He et al. 2007; Alexander-Bloch, Raznahan et al. 2013) . According to its underlying assumptions, regions belonging to the same network have a high propensity to exchange trophic factors, participate in common molecular signaling pathways, and form functional assemblies. Indeed, cross-method studies have shown high correspondence between covariance patterns and maturational networks (Alexander-Bloch, Raznahan et al. 2013) , and a moderate agreement to those derived from task-free functional MRI (Kelly et al. 2012; AlexanderBloch, Raznahan et al. 2013; Hosseini and Kesler 2013) and diffusion MRI tractography (Gong et al. 2012) . Applied to structural MRI that offers high anatomical precision and minimal geometric distortions, covariance analysis effectively probes networks in large clinical cohorts. Previous analyses in TLE evaluated low-level correlative relationships between single mesiotemporal structures and the neocortex (Bonilha et al. 2007; Bernhardt et al. 2008; Mueller et al. 2009 ). The current work, on the other hand, targeted the topology of networks within the assembly of regions forming 3244 | Cerebral Cortex, 2016, Vol. 26, No. 7 the mesiotemporal circuitry. Notably, while our covariance analysis operated on surface-shape measures of local volume, a surrogate marker of limbic histopathology (Hogan et al. 2004 Kim et al. 2008; Bernhardt et al. 2012; Maccotta et al. 2015) , these measures were corrected for confounds of global mean atrophy prior to network construction. Our findings, thus, likely reflect topology-level rearrangements in network organization above and beyond effects of global mesiotemporal atrophy.
The overall pattern of mesiotemporal network topology rearrangement parallels our previous findings in the neocortex (Bernhardt et al. 2011 ), yet with markedly higher effects. Confidence in our findings is high, as results were consistent in left and right TLE, when analyzing standard as well as normalized network parameters, and across different parcellation schemes. Moreover, split-half analysis, a conservative approach to assess reproducibility (He et al. 2009 ), confirmed robustness even at markedly reduced sample sizes. Separately assessing ipsi-and contralateral subgraphs demonstrated network alterations in patients in both hemispheres, a finding in accordance to data showing progressive atrophy in bilateral mesiotemporal regions in TLE (Bernhardt, Kim et al. 2013; Maccotta et al. 2015) , and recent findings from a data-driven patient classification revealing bilateral anomalies in the majority of patients with a unilateral seizure focus (Bernhardt et al. 2015) . In light of previous graph-theoretical analyses across independent modalities (Bonilha et al. 2012; Bartolomei et al. 2013; Wang et al. 2014) , one may postulate that regularization is the prevailing network topology associated with drug-resistant TLE. Noteworthy, this property has also been shown at the time of seizure onset in intracerebral EEG signal analysis (Ponten et al. 2007; Kramer et al. 2008; Schindler et al. 2008) .
In our study, analysis of inter-regional correlations and module participation showed increased within-structure covariance, but decreases between structures, particularly with regards to the hippocampus and amygdala. Similar results were found in a recent analysis of functional and diffusion MRI networks in a rodent model of focal epilepsy (Otte et al. 2012) . Within-structure covariance increases likely drive networks toward a more clustered arrangement. A plausible explanation for these changes may be local excess in connectivity, as a consequence of axonal sprouting (Dyhrfjeld-Johnsen et al. 2007; Otte et al. 2012 ), a phenomenon commonly observed in both humans (de Lanerolle et al. 1989; Mathern et al. 1996; Blumcke et al. 1999; Sutula 2002) and models of limbic epilepsy (Cavazos et al. 2003; Kron et al. 2010) . These pathologically interconnected networks may, in turn, generate hypersynchronous bursts of activity, which could ultimately spread throughout the limbic system (Bragin et al. 2000) . On the other hand, decreases in interstructure covariance manifesting as increased path length may stem from the show the mean and 95% confidence interval of the null distribution of no between-group difference obtained from 1000 permutation tests at each density value, superimposed on individual permutations (gray). Right panel: Mean difference across entire density range (see Fig. 3 for further details), compared with permutationbased differences. (B) Group differences in module stability. Increases/decreases in patients relative to controls are shown in red/blue, corrected at FDR <0.05.
Subregional Mesiotemporal Networks in TLE Bernhardt et al. | 3245 deafferentation of hippocampal connections, as previously shown in animal models (Knopp et al. 2005) and human diffusion MRI studies (Concha et al. 2005 (Concha et al. , 2010 Bonilha et al. 2010) .
As for the hippocampus and amygdala, we observed mainly decreased covariance between ipsilateral hippocampal and entorhinal subregions that was, however, less extensive. The lower sensitivity in detecting group-differences in correlations between these 2 structures may have resulted from the lower magnitude of correlations in controls, as shown in Figure 1B .
Relating network parameters to the long-term postoperative outcome revealed increased path length in seizure-free patients relative to those with seizure relapse. While the inherent grouplevel character of covariance metrics precludes individualized assessment of sensitivity and specificity, our findings nevertheless suggest prognostic value of mesiotemporal circuit topology. Provided a sufficiently high anatomical resolution with only little signal distortions for the functional analysis of mesiotemporal subregions, this hypothesis could be further tested via task-free functional connectivity analysis that allows for single-subject prediction. Increased path length in seizure-free patients likely reflects structural disconnection, particularly between the hippocampus and the other structures. Considering that all patients underwent a selective resection, it is conceivable that an epileptogenic, yet topologically isolated hippocampus is easier to neutralize surgically. In a previous analysis of cortico-cortical networks, we observed more marked topological alterations in patients with seizure recurrence relative to those benefitting from surgery (Bernhardt et al. 2011 ). In the light of these findings, the current results suggest a regionally divergent impact of network-level alterations on the outcome; specifically, more marked topological rearrangements within mesiotemporal networks relate to more favorable outcome, while alterations in largescale circuits beyond the mesiotemporal lobe correlate with seizure recurrence.
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